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An Automated Soil Line Identification Routine for Remotely Sensed Images

Garey A. Fox,* G. J. Sabbagh, S. W. Searcy, and C. Yang

ABSTRACT

The soil line is a linear relationship between the near-infrared
(NIR) and red (R) reflectance of bare soil as characterized by slope
and intercept parameters. Vegetation indices use soil line parameters
extensively in crop growth analyses. Research indicates that the soil
line can be related to site-specific soil conditions within a field, espe-
cially organic C content. This relationship may provide a means for
directing soil sampling. However, these soil and crop growth remotely
sensed predictions require accurate estimates of soil line parameters.
Determining soil line parameters by manually extracting reflectance
characteristics of bare soil pixels can be cumbersome. This research
proposes an automated soil line identification routine capable of deriv-
ing soil line parameters from bare soil or vegetated remotely sensed
images. The automated routine estimates soil line parameters by deriv-
ing a set of minimum NIR digital numbers across the R band range.
Pixels that contradict soil line theory are removed through an iterative
process. The routine was evaluated using bare soil images of two
fields in the Midwest USA and 15 multispectral digital video images
of South Texas grain sorghum fields dominated by vegetated cover.
This research compared soil line parameters derived from the auto-
mated routine to actual soil line parameters obtained by extracting
R and NIR digital numbers from identifiable bare soil pixels within
the images and also by manually inspecting plots of R versus NIR
digital numbers for all pixels within an image. The routine performed
reasonably well in matching the estimated actual soil line parameters
with minimal adjustment between images.

HE SOIL LINE is a linear relationship between the
NIR and R reflectance of bare soil originally discov-
ered by Richardson and Wiegand (1977):

NIR = BR + B [1]

where B; is the soil line slope and B, is the intercept.
The soil line extends from an upper region of bright
soils with high reflectance in both the R and NIR bands
(Point B in Fig. 1) to a lower region consisting of darker
soils with low R and NIR reflectance or digital number
(Point A in Fig. 1). The soil line for a particular soil
type “...results from the combined variations of its sur-
face status characterized by its roughness and moisture”
(Baret et al., 1993). Jasinski and Eagleson (1989) dem-
onstrate that three unique soil lines result by varying
soil type, moisture content, and roughness. A global soil
line representing all soil types is not possible because
such a line will only be linear in portions of the entire
range due to variations caused by different soil condi-
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tions (soil type, moisture content, organic matter con-
tent, soil roughness, etc.).

Recent research indicates that the R and NIR reflec-
tance or image intensity can be used as a mechanism
for deriving soil properties from remotely sensed images
and guiding soil sampling (Fox and Sabbagh, 2002; Wil-
cox et al., 1994). Percentage of organic mater is known
to relate to the reflectance of bare soils (Frazier, 1989;
Henderson et al., 1989; Baumgardner et al., 1985). Esti-
mates of organic matter content are essential for de-
termining soil fertility and soil physical properties (Tis-
dale et al., 1995). Organic matter content influences soil
structure and correspondingly aeration and infiltration
(Pepper, 1996). Fox and Sabbagh (2002) indicate that
soil organic matter is correlated to a pixel’s location
along the soil line (i.e., a function of the R and NIR
reflectance or image intensity) and may be a larger
influence on soil line parameters than soil type or
roughness for Mollisols. Fox and Sabbagh (2002) utilize
the soil line concept to develop predictive relationships
between the amount of organic matter within the surface
horizon of the soil profile and intensity in the R and
NIR bands. The soil line Euclidean distance (SLED)
technique relates a pixel’s Euclidean distance of the R
and NIR to the R and NIR reflectance for the bottom-
most point on the soil line. This Euclidean distance
measurement is shown to correlate well to surface or-
ganic matter content in two midwestern cornfields.
However, deriving accurate soil line parameters is criti-
cal to developing these predictive relationships. Further-
more, research is still needed to determine how the
combined influences of moisture content, organic C, and
other soil environmental conditions relate to observed
reflectance. An automated routine for determining soil
line parameters can provide a consistent methodology
for investigating these relationships.

Soil line parameters are also used extensively in deriv-
ing estimates of vegetation growth through vegetation
indices. Remotely sensed measurements of vegetation
are made through the use of biomass—vegetation index
relationships. Vegetation indices are based on the prin-
ciple that significant differences exist in the reflections
of healthy vegetation, senesced vegetation, and dry bare
soil as a function of wavelength (Jensen, 1996). These
indices make it possible to integrate information on the
growth of vegetation throughout the growing season.
Vegetation indices are commonly related to biomass
through leaf area index (LAI). Leaf area index measures
the leaf area of the vegetation per unit area of soil
surface and is important in considering photosynthetic

Abbreviations: LAI, leaf area index; NDVI, normalized difference
vegetation index; NIR, near-infrared; PVI, perpendicular vegetation
index; R, red; SAVI, soil adjusted vegetative index; TSAVI, trans-
formed soil adjusted vegetative index.
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activity and yield (Campbell, 1996). A widely used rela-
tion between vegetation indices and LAI is Beer’s Law:

IPAR

=1- —kLAI 2
oag = |~ exp(-KLAD) 2]

IPAR is intercepted solar radiation, PAR is photosyn-
thetically active radiation, and k is the light extinction
coefficient (Flenet et al., 1996).

Two common classes of indices are the subject of
considerable research: (i) the normalized difference veg-
etation index (NDVTI); and (ii) the soil line related indi-
ces, such as the perpendicular vegetation index, PVI
(Richardson and Wiegand, 1977); soil adjusted vegeta-
tion index, SAVI (Huete, 1988); and transformed soil
adjusted vegetation index, TSAVI (Baret et al., 1989).
NDVI, declared as an intrinsic index by Rondeaux et
al. (1996), is the most commonly used vegetation index:

_ (NIR — R)

NIR is the reflectance or digital number in the near-
infrared band and R is the reflectance or digital number
in the red band. The sensitivity of the NDVI to soil
background and atmospheric effects is the reason for
interest in new indices, which utilize the soil line concept
(Rondeaux et al., 1996). These indices are related to the
soil line concept developed by Richardson and Wiegand
(1977). Richardson and Wiegand originally propose the
PVI, a Euclidean distance measurement of the pixel’s
NIR and R reflectance from the soil line (Point C and
D in Fig. 1). As shown below, PVI can be expressed as
a linear combination of the NIR and R reflectance and
as a function of the slope (B;) and intercept (3,) of the
soil line (Baret and Guyot, 1991):

(NIR — BiR — By) [4]

Experiments with the PVI demonstrate that points
corresponding to the same canopy do not migrate along
lines parallel to the soil line when the soil brightness is
changing (Baret and Guyot, 1991). Therefore, darker
soils tend to result in lower values for the vegetation
index than brighter soils with the same amount of vege-
tative cover (i.e., the slope of the percentage vegetation
lines are not parallel with the soil line). Huete (1988)
proposes the SAVI derived from NDVI. The SAVI can
be expressed in terms of the NIR and R reflectance and
also a constant (L) to minimize soil brightness influ-
ences, according to the following:

(NIR — R)
(NIR + R + L)

SAVI = 1+1L) [5]
However, Baret and Guyot (1991) express inconsisten-
cies in this vegetation index as well, stating that SAVI
is an exact solution only for soil lines in which the slope
is exactly unity and the intercept is exactly zero. Baret
et al. (1989) propose the TSAVI to alleviate this incon-
sistency:

Soil Line

NIR (Near-Infrared Band)

R {Red Band}

Fig. 1. Soil line concept demonstrating the observed linear relation-
ship between red (R) and near-infrared (NIR) reflectance or image
intensity of bare soil (from Fox et al., 2003).

Bl(NIR — BlR — BO) [6]
BINIR + R — BBy + X(1 + BY)

X is a constant, usually assumed 0.08 for true reflectance
values; TSAVI equals zero for bare soil and is close to
0.70 for highly vegetated surfaces.

More recent research focuses on the most appropriate
index for crop investigations. Normalized difference
vegetation index is the most widely used and accepted
because of its simplistic form. Rondeaux et al. (1996)
suggest reasons why the soil line related indices have
encountered less frequent adoption in remote sensing.
First, soil line related indices possess a more complex
formulation (e.g., necessity of deriving soil line param-
eters). Determining soil line parameters is difficult due
to the inability to develop a global soil line (Baret et
al., 1993). Soil-line parameters must be determined for
each research site. Also, a lack of convincing evidence
exists for improved assessments of vegetation by the
soil line related indices compared to NDVI. Rondeaux
et al. (1996) conclude that NDVI is sensitive to the soil
background reflectance and that the soil line related
indices appear to be more reliable and less noisy than
the NDVI. Baret and Guyot (1991) conclude that soil
line related indices also are less noisy, especially for low
LAIs (LAI < 2-3). However, Wiegand et al. (1991)
report no significant differences between the two differ-
ent categories of vegetation indices.

Soil parameter analysis and vegetation crop growth
investigations with remotely sensed images require ac-
curate estimates of soil line parameters. For example,
percentage of organic matter in the upper horizon of the
soil profile is shown to directly correlate to Euclidean
distance along the soil line (Fox and Sabbagh, 2002).
To quantify a pixel’s Euclidean distance from the bot-
tom-most point on a soil line, accurate estimates of the
soil line slope and intercept are required. Furthermore,
vegetation indices are sensitive to soil line parameters
(Baret et al., 1993). Sensitivity of a vegetation index
with respect to the soil line slope or intercept can be

TSAVI =
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quantified by taking the derivative of the index with
respect to the soil line parameters (i.e., d(PVI)/oB, and
d(PVI)/dBy). In general, the maximum sensitivity of PVI
to By is considerably less than the sensitivity of PVI to
B:. For instance, the sensitivity of PVI to B, is only
dependent on the slope of the soil line. Perpendicular
vegetative index is most sensitive to 3, when 3, is small
(i.e., soil lines with small slopes) such that soil conditions
are uniform across the field (i.e., equivalent soil type,
low gradient in moisture content and a uniform organic
matter content). The sensitivity of PVI to B, is depen-
dent on NIR, R, B, and B,. Perpendicular vegetative
index sensitivity to 8; increases as NIR and R increase.
The sensitivity of PVI to the soil line slope increases as
Bo (soil line intercept) decreases. Similar results in terms
of the sensitivity with respect to the soil line slope versus
the soil line intercept are expected for the other soil
line related vegetation indices.

As demonstrated above, more detailed research is
needed in studying soil property and crop growth rela-
tionships with remotely sensed images and soil line pa-
rameters. Deriving soil line parameters by extracting
reflectance from manually determined bare soil pixels
within an image could be cumbersome. The objective
of this research is to develop an automated system capa-
ble of deriving parameters for the soil line of any image.
Such an automated system will provide an efficient and
consistent methodology for deriving soil line parameters
for both soils and crop investigations. A description of
the routine is presented. Then, the routine is evaluated
by comparing soil line parameters derived by the auto-
mated routine to estimated actual soil line parameters
from both bare soil and vegetated dominated images.

AUTOMATED SOIL LINE
DEVELOPMENT ROUTINE

The automated routine estimates soil line parameters by
deriving a set of minimum NIR digital numbers across the R
band range based on a user-defined bandwidth. The band-
width determines the number of minimum NIR values selected
for each R-value present in the data. For example, a bandwidth
of unity selects the single-most minimum NIR value for each
R-value. These R and corresponding minimum NIR values
form digital number or reflectance pairs: (R; NIR#,), where
NIR* is the minimum near-infrared value, i = 0...255 and
n = bandwidth.

The routine calculates an initial soil line using a subset of
these (R;, NIR#,) pairs. The routine determines the subsets
by calculating quartiles based on the range along the R band.
Quartiles correspond to 0, 25, 50, 75, and 100% of this range.
The routine then calculates soil lines and regression coeffi-
cients from the (R;, NIR{#,) pairs in the quartile ranges. The
automated routine uses the soil line with the largest coefficient
of determination as the initial soil line with parameters (3, and
Bo. Even though this initial soil line may include pixels not
dominated by bare soil, this estimate guides the automated
routine in subsequent steps.

To remove (R;, NIR#,) pairs not dominated by bare soil,
the routine makes use of an iterative procedure to check for
outlier pixels. Outlier pixels are potentially vegetated pixels
that are commonly selected on the lower portion of the soil
line, unique environmental attributes in the image such as
standing water or shadows of clouds, or pixels with vegetation

uniquely stressed compared with other pixels due to the lack of
soil water or nutrients. For example, soils with higher organic
matter content, soil fertility, and correspondingly higher mois-
ture holding capacity dominate pixels in the lower end of
the soil line. Except under extremely saturated conditions,
vegetation growth from these pixels will predominate at the
beginning of the growing season due to the favorable crop
growth conditions within the soil. Therefore, the number of
bare soil pixels in this range becomes limited. Vegetation
dominates the minimum NIR values selected by the routine.
The routine needs to remove these vegetative-dominated pix-
els to estimate the soil line.

The iterative procedure begins with the leftmost
(R;, NIR#,) pair and selects m pairs. Initial values of m are
usually on the order of five to ten. The routine derives soil
line parameters (B, Bo..) for this iterative subset using linear
regression techniques. Next, the routine compares the initial
soil line to the soil line from this iterative subset. If the soil
lines are different, then the routine calculates the vertical
deviation, €, of each (R;, NIR#,) pair in the subset to the
subset’s soil line:

& . = NIR# — (Bo + BiR) [7]

The routine removes the (R;, NIR{,) pair with the maximum
vertical deviation, max (g ).

The routine then moves to the next m pairs along the R
band range and follows the same procedure for removing
pixels. When the entire R band range is processed, the routine
calculates a new initial soil line based on the remaining
(R;, NIR#,) pairs. The subset size, m, increases by one unit
and the routine follows the same iterative procedure again.
The subset size increases until either the soil line parameters
converge or until the entire R range is encompassed within
one subset. The routine performs a linear regression on the
remaining (R;, NIR#,) pairs to derive the final soil line pa-
rameters.

MATERIALS AND METHODS

This research used images from five different fields to evalu-
ate the routine by comparing estimated actual soil lines and
automated soil lines. Bare soil images of two midwestern corn-
fields (Zea mays L.) (Field 1 and 2) were acquired using
a digital camera system with area array technology (digital
charged coupled devices) and a spatial resolution of 0.5 m.
Field 1 was a 0.32-km? (80-acre) field located in Buchanan
County, IA and Field 2 was a 0.43-km? (106-acre) field located
in Fremont County, IA. Fox and Sabbagh (2002) utilized the
images of Fields 1 and 2 for investigating the relationship
between soil line parameters and percentage of organic matter
in the soil surface. The aerial images provided four bands of
data: blue (400-500 nm), green (G)(500-600 nm), R (600-700
nm), and NIR (700-1000 nm). The digital imaging system
acquired the bare soil images of Field 1 and 2 on 10 May 1998
and 1 June 1998, respectively.

This research also utilized vegetated images of three South
Texas grain sorghum [Sorghum bicolor (L.) Moench] fields
(Fields A, S, and N). A multispectral digital video imaging
system captured the images. Yang and Anderson (1999) used
the images for Fields S and N to study spatial plant growth
variability. The video system provided three bands of data:
NIR, 845 to 857 nm; R, 625 to 635 nm; and G, 555 to 565 nm.
The five images of Field A were during different crop develop-
ment stages within the 1998-growing season. Three images of
Fields S and N were during the 1995-growing season, and two
images of Fields S and N were during the 1996-growing season.
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Table 1. Image acquisition dates and reported crop development
stages for Fields A, S, and N.

Image date Crop stage
Field A
1998 April 22nd Pre-boot to boot
May 11th Boot to half-bloom
May 18th Bloom to soft-dough
May 29th Soft-dough to hard-dough
June 16th Physiological maturity
Field S
1995 May Sth Boot to half-bloom
May 16th Half-bloom to soft-dough
June 14th Hard-dough
1996 May 10th Half-bloom to soft-dough
May 20th Soft-dough to hard-dough
Field N
1995 May Sth Boot
May 16th Half-bloom to soft-dough
June 14th Hard-dough
1996 May 10th Half-bloom to soft-dough
May 20th Soft-dough to hard-dough

Table 1 shows the specific image acquisition dates and reported
prevalent crop growth stages. The videos imaging system cap-
tured all grain sorghum images at least 10 d after irrigation.
Therefore, no significant changes in soil intensity due to soil
moisture variations were expected.

The automated routine derived soil lines using digital num-
bers with the realization that soil lines in reflectance space
will be different. Users must realize such differences in soil
line parameters in the application of biomass—vegetation index
relationships to quantify crop growth and development. Digi-
tal numbers record the intensity of electromagnetic energy
measured for each pixel. To convert these numbers into reflec-
tance values, low and high reflectance homogeneous Lam-
bertian targets of know spectral characteristics must be in-
cluded in the image (Sabins, 1987).

This research used image-processing software (ArcView)
to derive soil lines by visually identifying bare-soil pixels within
the image. The image processing software allowed digital num-
bers of bare-soil pixels to be extracted directly from the image.
These bare soil pixels provided an “estimated actual” soil.
This research compared the estimated actual soil lines to “esti-
mated” soil lines based on visual displays of NIR versus
R-values for all pixels within the grid files following a Gram-
Schmidt procedure (Crist, 1983). The estimated soil line indi-
cated whether selected bare-soil pixels characterized the soil
line along its entire R-band range. Additional bare soil pixels
selected from the image were combined with prior bare-soil
pixels to derive an “estimated actual” soil line for each image.
This research compared estimated actual and automated soil
lines based on confidence intervals around the estimated ac-
tual soil line. Automated and actual soil lines were not signifi-
cantly different if the 95% confidence intervals around the
estimated actual soil line, derived from bare-soil pixels ex-
tracted directly from the image, bound the automated soil line.

RESULTS AND DISCUSSION

The automated routine first estimated soil lines for
the bare soil images of the two midwestern cornfields.
The routine easily identified bare soil pixels and the soil
line parameters. However, bare soil images may have
multiple bare soil pixels for a given R-value due to
differences in soil characteristics such as moisture con-
tent, roughness, and percentage of organic matter. To
address these issues, an extended bandwidth, n, was

Table 2. Comparison of automated and estimated actual soil
lines. All results are with a bandwidth, n = 1, and initial interval
size, m = 5, unless otherwise indicated.

Slope, B1 Intercept, 30

Field 1 5/10/98 Estimated actual 0.76 42.65
Automated 0.75 41.63

Field 2 6/1/98 Estimated actual 0.57 40.61
Automated 0.55 43.12

Field A 4/22/98 Estimated actual 0.65 -22.72
Automated 0.70 —25.63

5/11/98 Estimated actual 0.68 -18.42
Automated 0.70 —13.04

5/18/98 Estimated actual 0.79 —36.04
Automated 0.73 —20.87

5/29/98 Estimated actual 0.19 61.57
Automated 0.16 64.21

6/16/98 Estimated actual 0.56 25.44
Automated 0.64 21.09

Field S 5/5195 Estimated actual 0.67 —65.75
Automatedi 0.70 —71.24

5/16/95 Estimated actual 0.83 —50.83
Automated 0.78 —42.99

6/14/95 Estimated actual 0.59 -0.31
Automated 0.54 1.25

5/10/96 Estimated actual 0.62 8.63
Automated 0.68 -1.13

5/20/96 Estimated actual 0.48 —8.07
Automated 0.55 -17.75

Field N 5/5195 Estimated actual 0.57 -20.21
Automated$ 0.63 —16.87

5/16/95 Estimated actual 0.81 —30.88
Automated 0.81 —28.62

6/14/95 Estimated actual 0.73 -9.37
Automated$ 0.76 —13.35

5/10/96 Estimated actual 0.51 27.61
Automated: 0.55 27.73

5/20/96 Estimated actual 0.47 —5.02
Automated 0.42 1.61

F Using a bandwidth, n = 5, and initial subset size, m = 5.
i Using a bandwidth, n = 1, and initial subset size, m = 10.
§ Using a bandwidth, n = 1, and initial subset size, m = 15.

used to select a greater number of minimum NIR pixels.
The routine provided improved results when using a
bandwidth of five to ten units, and an initial subset size,
m = 5. Bandwidth was directly influenced by the spatial
resolution of the image: as spatial resolution increased,
the routine required a larger bandwidth to capture the
soil line parameters. Results using n = 5 and m = 5 for
the 0.5-m resolution images are shown in Table 2.
Table 2 also shows results for images of Fields A, S
and N. Bare soil dominated none of the images. As
such, it was much more difficult to determine soil line
parameters. The images did possess bare soil pixels
around the edges of the fields, which contributed signifi-
cantly to the success of the routine. Table 2 compares the
estimated actual soil line parameters with the automated
soil line parameters derived using a bandwidth, n = 1,
and initial subset size, m = 5. Figures 2 through 5 illus-
trate results from the automated soil line development
routine, including the NIR versus R plot for all pixels
within the grid files, (R, NIR) pairs selected by the
automated soil line identification routine, and compari-
son of the automated soil line and estimated actual soil
line. For example, the estimated actual and automated
soil line parameter values were not significantly differ-
ent with n = 1 and m = 5, as the automated soil line fell
within the boundaries of the 95% confidence intervals
around the estimated actual soil line for the 22 Apr.
1998 image of Field A. The routine provided similar
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* Pixel (R, NIR)
® Automated Soil Line Pixel
------ Automated Soil Line

—— 95% Confidence Interval around
Actual Bare Soil Pixels

250

200 -

150 4

100 A

Near-Infrared Digital Number, NIR
w
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0 . . , ‘
0 50 100 150 200 250

Red Digital Number, R

Fig. 2. Comparison of estimated actual and automated soil lines for
22 Apr. 1998 image of Field A.

results for the May 11th image of Field A, 16 May 1995
image of Field S, and the 16 May 1995 image of Field
N as illustrated in Fig. 3, 4, and 5, respectively.
However, in several images, the routine required in-
creases in the initial subset size to obtain automated
soil lines within the 95% confidence intervals of the
estimated actual soil lines. Automated soil lines fell
within the 95% confidence intervals when the initial
subset size was increased to m = 15 in the 5 May 1995
and 14 June 1995 images of Field N. For most images,
an initial subset size, m = 5, produced reasonable esti-
mates of the actual soil line parameters. However, four
images required an expanded initial subset size to obtain
a reasonable match. Based on a comparison of these

¢ Pixel (R, NIR)
® Automated Soil Line Pixel
~~~~~~ Automated Sail Line

—— 95% Confidence Interval around
Actual Bare Soil Pixels

250

200 A

150 -

100 A

Near-Infrared Digital Number, NIR
(42
o

0 50 100 150 200 250

Red Digital Number, R

Fig. 3. Comparison of estimate actual and automated soil lines for
11 May 1998 image of Field A.

e Pixel (R, NIR)
© Automated Soil Line Pixel
~~~~~~ Automated Soil Line

—— 95% Confidence Interval around
Actual Bare Soil Pixels

300

250 A

200 4

150

100 A

Near-Infrared Digital Number, NIR

50 4

0 50 100 150 200 250
Red Digital Number, R

Fig. 4. Comparison of estimated actual and automated soil lines for
16 May 1995 image of Field S.

images, the need for the extended subset did not corre-
spond to image conditions, soil characteristics or vegeta-
tion growth patterns. Further investigation is required with
additional images to develop concrete predictable rela-
tionships. Increasing the bandwidth size beyond n = 1
deteriorated results in vegetated dominated images as
more pixels dominated by vegetated cover needed to
be removed.

Additionally, a sixth image of Field A, acquired on
15 Apr. 1998, was not included in the analysis. This
image possessed constricted digital number ranges along
both the R and NIR bands, appearing as a single cluster
with little variation. When attempting to apply the auto-
mated routine to such an image, the routine reported

* Pixel (R, NIR)
® Automated Soil Line Pixel
------ Automated Soil Line

—— 95% Confidence Interval around
Actual Bare Soil Pixels

250

200 A

150

100

50

Near-Infrared Digital Number, NIR

0 S . : .
0 50 100 150 200 250

Red Digital Number, R

Fig. 5. Comparison of estimated actual and automated soil lines for
16 May 1995 image of Field N.
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unreasonable soil line parameters (i.e., no soil line
slope). Mechanisms for detecting such image conditions
and highlighting the need for user intervention need to
be developed. Users must recognize unreasonable soil
line parameters based on visual investigations of the R
versus NIR digital numbers for pixels within an image.
To overcome the requirement of at least a quality assur-
ance visual inspection of such a plot, additional mecha-
nisms need to be included into the automated routine,
such as restrictions in terms of the width of the range
along both bands or possibly through a moment-major
axis relationship.

CONCLUSIONS

This research proposed and evaluated an automated
soil line identification routine. The routine begins by
deriving a set of minimum NIR digital numbers across
the R band range based on a user-defined bandwidth.
The user-defined bandwidth determines the number of
minimum NIR values selected for each red band value
present in the data. The routine derives an initial soil
line from these R and minimum NIR data pairs and
then uses an iterative procedure to remove pixels not
corresponding to soil line theory. This research used
digital aerial images during bare soil conditions of two
Midwestern cornfields and sets of multispectral digital
video images of South Texas grain sorghum fields to
evaluate the routine. Analysis involved comparing soil
lines derived by the automated soil line identification
routine to estimated actual soil lines based on digital
numbers in the R and NIR bands of identified bare soil
pixels in the image and plots of the red versus near-
infrared digital numbers for all pixels within the image.

The routine adequately determined the soil line pa-
rameters for all images based on a comparison of the
automated soil line with 95% confidence intervals
around the estimated actual soil line. The success of the
automated routine was dependent on the user-defined
bandwidth parameter and an initial subset size for the
iteration process. In general, for bare soil images, the
routine required a typical bandwidth of five to ten units
to select multiple NIR values for each R band value
present in the data. For images dominated by vegeta-
tion, a bandwidth of unity produced the most reasonable
results. The initial subset size did not impact results for
the bare soil images. However, the routine required
increased initial subset size in 4 of the 15 vegetation-
dominated images. The need for an extended initial
subset size did not correspond to specific soil or environ-
mental conditions. Therefore, further research is needed
to determine when expansion is required. In general,
results for the automated soil line identification routine
are promising. The ability to automatically derive soil
line parameters without manual investigation of bare
soil pixels within the images allows soil parameter rela-
tionships and soil line related vegetation indices to be
more easily investigated. Future research should focus
on understanding the capabilities and improving the
methodology of the automated soil line routine.
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